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Abstract 

Enterprise AI investment has reached significant scale. Yet the distribution of outcomes remains sharply uneven: 
a small fraction of organisations extracts measurable business value while the majority cycle through pilots, 
absorb costs, and produce little of substance. The data on this disparity is consistent across McKinsey, Gartner, 
and other independent research. Organisational readiness separates high performers from the majority. This 
paper examines the structural forces that drive premature deployment, the measurement frameworks that 
produce false signals, and the three dimensions of organisational readiness that determine whether an AI 
programme compounds over time or stalls. It introduces a gradient-based measurement model as an alternative 
to point-in-time ROI evaluation, and presents a diagnostic framework for organisations at any stage of their AI 
programme. 

 

1. The Investment-Outcome 
Disparity 

Enterprise AI adoption is broadening rapidly. 
McKinsey's 2025 State of AI survey found that 
88% of organisations have deployed AI in at 
least one function. However, as is getting 
understood now, two-thirds of those 
organisations remain in pilot mode, unable to 
scale beyond controlled, isolated use cases. 
Among the other one-third, those that have 
moved beyond pilots, only 6% qualify as high 
performers, defined as organisations where AI 
contributes more than 5% of EBIT. 

The gap between deployment breadth and 
value realisation is not narrowing. Gartner's 
Q4 2025 analysis found that only 43% of 
organisations report their data to be in a 
condition suitable for AI consumption, even as 
enterprise AI infrastructure spending 
compounds at 155% annually. Investment is 
accelerating faster than the organisational 
conditions required to convert that investment 
into outcomes. 

Organisational readiness separates high 
performers from the majority. 

 

2. Speed as a Structural Risk 

2.1 The Provider Incentive Problem 

The prevalent commercial architecture of AI 
implementation creates a structural bias 
toward deployment speed. Service providers, 
integrators, managed services, or platform 
licensors, usually, recognise revenue at "go-

live" or through consumption. Since contract 
scope typically terminates at deployment, 
critical stabilization, data quality, process 
integration, adoption, governance etc. get 
treated as an externality. This structure 
rewards rapid delivery over durable adoption; 
a provider expanding the project timeline to 
ensure organisational readiness generates the 
same revenue event in longer duration, thus 
making the situation not attractive. 

2.2 The CIO Accountability Paradox 

In addition, internal pressures mirror these 
external incentives. The foundational work, 
process redesign and workforce development, 
is slow, invisible, and difficult to market as 
"progress". CIOs under board pressure, often 
prioritize visible, high-impact pilots to satisfy 
immediate accountability. This replicates the 
early Digital Transformation (DX) cycle: 
accelerating before readiness leads to mid-
programme stalls, destroyed capital, and 
eroded institutional confidence. 

2.3 The Compression of Failure 

Current AI implementations are replicating 
these DX patterns on a compressed timeline. 
Acceleration without readiness produces 
"slow-burn" failures. When systems are 
deployed into unprepared environments, the 
technology may perform as specified, but the 
organisational outcomes fail to materialise, 
accumulating cultural skepticism that resists 
future justification.  

  



3. The Measurement Problem 

3.1 The Optical Illusion of Success 
Currently favoured evaluation types fail by 
over-indexing on point-in-time "intercepts" 
which are static snapshots of cost savings or 
headcount avoidance. These figures are 
mathematically accurate but strategically 
silent; they capture immediate P&L impact 
while masking the organisational trajectory. 
Figure 1 (The Pilot vs. The Organisation) 
illustrates this divergence. A pilot produces a 
localized performance spike that satisfies 
short-term reporting, but this gain often 
collapses on enterprise deployment because 
the measurement framework fails to account 
for the "slope" of compounding capability. 

3.2 Three Structural Problems in AI 
Programme Reviews 

Integration Blindness: Most programmes 

also tend to evaluate use cases in isolation. A 
model may optimize a single step, but if the 
surrounding manual process absorbs the gain, 
enterprise outcomes do not move upwards. 
The technology "succeeds", as the technology 
related metrics e.g. MLOps accuracy, 
invariably show, but the implementation, from 
a business perspective, fails. 

Temporal Misalignment: AI 
transformation follows a J-curve. Costs, e.g. 
infrastructure, training, and disruption etc. are 
front-loaded, while value, shown by 
parameters e.g. efficiency and adoption, is 
back-loaded. Standard 90-day review 
windows, effectively, capture the cost peak and 
none of the value curve, leading to premature 
termination. 

The Deployment Budget Trap: Investment 
cases are often scoped strictly to "go-live" 
costs. The "hidden" work of iterative data 
cleansing, process redesign, and governance is 
rarely costed. When these structural 
necessities demand funding, they are perceived 
as overruns rather than foundational 
requirements, causing programmes to halt 
before value can manifest 

4. What to Measure Instead: The 
Three Financial Gradients 

To solve the intercept trap, this paper proposes 
a transition from static ROI to Gradient-
Based Measurement. Unlike point-in-time 
metrics, a gradient-based model evaluates the 
"slope" of transformation, examining the 
trajectory of organisational capability rather 
than a fixed financial state.  

4.1 The Temporal Signal Gap 

Figure 2 illustrates the core diagnostic 
challenge of this model: all three financial 
gradients typically remain flat during the 
standard three-to-nine-month board review 
window. Boards evaluating programmes in this 
period are reading an absence of signal, though 
not a negative one. Because compounding AI 
value requires higher organisational readiness 
to manifest, a decision to terminate based on 
this "flat" period is structurally premature. 

4.2 Workflow Asset Turns 

The first gradient measures the task 
automation rate multiplied by quality score, 
tracked over time. For instance, headcount 
reduction is a lagging proxy for management 
decisions, but workflow turns answer the 
operative question: is AI handling a growing 
proportion of defined tasks with improving 
accuracy? A rising curve indicates genuine 
operating model absorption. 

4.3 Margin-Volume Divergence 

As AI absorbs commodity tasks, human effort 
must shift toward higher-value work. This 
gradient tracks AI-augmented output value per 
FTE compared to a pre-implementation 
baseline. This ratio being flat implies that the 
implementation is adding cost without 

Figure 1: The Pilot vs. The Organisation 



adjusting capability. The inflection point, 
typically, should be between months 14 and 20, 
as it requires the first gradient to be established 
before effort can be meaningfully redeployed 

4.4 Workflow Cycle Time Compression 

A proxy for working capital efficiency, this 

gradient-curve measures the reduction in 
elapsed time between inputs and outputs, 
decision cycles, exception-handling, and 
approval latency. This compression reduces 
structural friction materially at scale but is 
often invisible on a standard P&L. As a 
structural measure, the inflection point 
appears the last, typically after 20 months. 
However, it is the most durable indicator of 
compounding value. 

4.5 Sequential Dependency 

These three gradients are sequentially 
dependent: workflow asset turns needs to 
establish before margin-volume divergence 
becomes measurable, and both must exist 
before cycle time compression compounds. An 
organisation tracking this sequence now has a 
leading indicator dashboard; while those 
tracking only P&L possess a lagging one. 

 

5. Organisational Readiness: The 
Three Dimensions 

High-performing AI organisations, previous 
transformation results have shown, share a 
measurable characteristic: they invest in 
organisational readiness across three 

dimensions before accelerating deployment. 
And in today’s context, McKinsey's analysis of 
high performers found they are three times 
more likely to redesign workflows around AI 
capabilities rather than deploy AI onto existing 
processes. The distinction between redesign 
and bolt-on is not procedural. It reflects a 
fundamentally different level of process 
readiness at the point of deployment. 

The three dimension of organisational AI 
readiness, weakness in any one of which, limits 
what the other two can achieve, are: 

 5.1 Data Readiness 

AI systems perform to the quality of the data 
they consume. This is a precise technical 
constraint, not a general observation, as is 
visible in other transformations and also 
systems integration programmes. Models 
trained on incomplete or inconsistent data will 
produce unreliable outputs. Models that 
produce unreliable outputs erode 
organisational confidence in AI-driven 

Figure 2: The Three Gradients and the Board Review Window (illustrative) 



decisions, compounding adoption resistance 
over time. 

According to Gartner's Q4 2025 analysis, only 
43% of organisations report their data to be in 
a condition suitable for AI consumption. Poor 
data quality costs organisations an estimated 
$12.9 million annually in operational impact 
before AI is introduced. When AI is introduced 
onto a poor data foundation, the cost 
compounds: model outputs require manual 
verification, exceptions multiply, and the 
financial case for the programme deteriorates.  

Data readiness is a continuous operational 
discipline. It encompasses data governance 
structure, pipeline integrity, master data 
consistency, and the distinction between data 
that supports reporting and data that can train 
and sustain AI models. These are structurally 
different requirements. An organisation with 
mature reporting infrastructure may have 
significant data readiness work pending before 
that infrastructure can support AI. 

5.2 Process Readiness 

The majority of AI deployments are executed 
as bolt-ons to existing processes. However, a 
process designed for human (or hybrid) 
execution carries assumptions about handoffs, 
exception handling, approval layers, and 
information flow that may be incompatible 
with AI operation at one or more steps in the 
chain. Inserting AI into such a process 
produces localised efficiency that the 
surrounding process absorbs without 
operational significance. 

RAND Corporation research identifies 
misalignment between business intent and 
technical execution as a leading cause of AI 
project failure. This misalignment is a process 
readiness failure: the business problem and the 
AI solution are operating in different process 
architectures. McKinsey's high performers 
resolve this before deployment by redesigning 
processes around AI capabilities. The question 
process readiness requires an organisation to 
answer is which processes need to be 
fundamentally reimagined before AI can add 
compounding value. 

5.3 People Readiness  

People readiness is the most consistently 
underestimated dimension, often relegated to 
an emotional hindrance though being the most 
consequential at scale. This readiness does not 
refer to employee training programmes, 
change communication, or adoption 
marketing. It refers to the organisational 
capacity to work with AI iteratively and 
critically: to formulate problems in ways AI can 
address, to interpret AI outputs with 
appropriate skepticism, to identify where AI is 
introducing errors rather than removing it, and 
to continuously improve the interaction 
between human and AI capability. 

McKinsey's 2025 CxO survey found 46% of 
organisations cite talent and skill gaps as the 
primary barrier to scaling AI beyond pilots. 
This is an anthropological and organisational 
development problem that requires sustained 
workforce investment running concurrently 
with technical deployment. 

People readiness also shapes hiring 
philosophy. Organisations building AI 
capability over a two-to-three-year horizon 
require individuals selected for learning 
velocity and cross-disciplinary adaptability, 
alongside familiarity with current tools. As 
current tools evolve, the capacity to work with 
successive generations of AI capability is the 
durable organisational asset. 

 

6. Velocity Over Adoption: A 
Different Readiness Standard 

Current readiness assessments measure static 
adoption: the presence of tools and policies at 
a point-in-time. This paper proposes a 
velocity-based standard. An organisation 
with modest initial adoption but high learning 
velocity will eventually outperform one with 
high initial adoption but flat velocity. 

Figure 3 (Spike-Chasing vs. Slope-Building) 
illustrates this long-term divergence. 

 The Spike-Chaser (Blue Dash): 
Accelerates early results through tool-
specific deployment but plateaus as it hits 



the "unreadiness" wall—data silos, rigid 
processes, and human resistance. 

 The Slope-Builder (Gold Line): Shows 
gradual early progress as it builds cross-
disciplinary readiness in data, process, and 
people. However, it hits a critical 
inflection point where these 
foundational investments begin to 
compound, leading to exponential growth 
in organisational AI capability. 

The multiplier effect is not linear; high data 
readiness alone allows organisations to scale 
AI six times faster. 

 

7. Diagnostic Implications 

An organisation at any stage of its AI 
programme can apply a direct diagnostic test. 
The following questions have precise answers 
in organisations where readiness has been 
systematically addressed. Where answers are 
absent, partial, or estimated, the readiness gap 
is present and active. 

On data readiness: 

 What is the current data quality score 
across the primary data domains feeding 

the AI programme, and what is the month-
on-month trend? 

 Is the data governance structure 
supporting the AI programme adapted for 
AI consumption requirements, or carried 
over from reporting infrastructure? 

On process readiness: 

 Which processes in scope for AI 
deployment have been redesigned around 
AI capabilities, and which have had AI 
inserted into an existing architecture? 

 Where AI has been inserted into existing 
processes, what is the measured 

operational impact on the full process 
chain, not the individual step? 

On people readiness: 

 What is the current workforce capability 
level for AI problem formulation, as 
distinct from AI tool operation? 

 What is the organisation's structured 
programme for developing this capability 
over the next 12 months? 

On measurement: 

 Are programme reviews tracking workflow 
asset turns, margin-volume divergence, 
and cycle time compression, in addition to 
P&L? 

Figure 3: Illustration of Spike chasing vs slope building 



 What is the trend on each gradient over the 
last three review periods? 

Organisations that can answer these questions 
with current data have the foundational 
measurement infrastructure for a slope-
building programme. Organisations that 
cannot have a readiness gap that will constrain 
outcomes regardless of deployment 
investment. 

A structured readiness assessment, conducted 
before deployment decisions are made or 
before a stalled programme is restarted, 

provides the baseline required to answer these 
questions and to design a programme with the 
conditions for compounding rather than 
plateau. 

3nayan's AI Readiness Assessment is designed 
for this diagnostic purpose. It evaluates 
organisational readiness across data, process, 
and people dimensions using velocity-based 
measures, and produces a programme 
roadmap calibrated to the organisation's actual 
readiness state rather than its deployment 
ambitions. 
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